In the trend of urgent demand of energy saving for public transportation, the series-parallel plug-in hybrid electric bus (SPPHEB) with energy saving potential is proposed. The fuel economy of hybrid power train depends to a significant degree on its control strategy, and then an energy management strategy based on nonlinear model predictive control (NMPC) is obtained for better fuel economy performance. Firstly, the quasi-static model of the plant is described and the reference curve of the state of charge (SOC) and the predictive torque are formulated and illustrated. Then the NMPC framework for SPPHEB, which explored the torque prediction method in the prediction domain and the prediction method of the reference SOC trajectory on the whole working condition, is introduced and completed by adopting dynamic programming (DP) algorithm to solve the nonlinear optimization problem. Finally, the NMPC strategy is simulated in Simulink, and its optimization performance is compared with other strategies such as DP, equivalent consumption minimization strategy (ECMS) and charge-depleting and chargesustaining (CDCS). The simulation result is that compared with the CDCS strategy, NMPC strategy shows an economic improvement by 18.86%, and 10.36% improvement compared with the ECMS strategy. The good performance of the NMPC strategy is due in part to the consideration of the reference SOC trajectory mechanism and the prediction of the expected torque. The NMPC-based EMS considered both optimization performance and computation burden, which may provide a prospect for further practical application of real vehicles. INDEX TERMS Nonlinear model predictive control, series-parallel hybrid power train, energy management strategy, SOC reference trajectory.
I. INTRODUCTION
Hybrid vehicles usually contain two or more power sources. For different configurations, there are different advantages [1] , [2] . For instances, the series-parallel hybrid power train has more operating mode and works further efficiently. In the trend of urgent demand of energy saving for public transportation, the series-parallel hybrid power train which has dual-motor becomes more popular for its better drivability and higher efficiency. Since there are no less than two main power sources in a hybrid electric vehicle (HEV), the extra degree of freedom is good for the flexible distribution of the demand torque between internal combustion engine (ICE) and electric machine (EM) to improve The associate editor coordinating the review of this manuscript and approving it for publication was Arup Kumar Goswami. the efficiency of power sources [3] . Plus, the second EM is capable of compensating the power interruption of automated mechanical transmission (AMT) shifting. Since the power train efficiency mainly depends on its control strategy, it is necessary to get an efficient control strategy for the seriesparallel hybrid power train [4] .
There have been many different kinds of strategies for other types of HEV [5] . In [6] , a hierarchical energy management strategy (EMS) is proposed to reduce stress on battery and fuel cell, to lift power performance and fuel economy of HEV. A convolutional neural networks (CNN) model is trained to recognize seven common driving activities, which can be devided into two groups: the normal driving tasks and the distraction group [7] . A cyber-physical space (CPS) based codesign optimization approach is proposed for codesign optimization of the plant and controller parameters for an automated electric vehicle [8] . For rule-based control strategies, there are many real-time control strategies applied to HEV among which CDCS is commonly used and easy to be implemented [9] . Moreover, the amendment and adjustment for rules could be obtained from optimization-based strategies such as DP, ECMS and fuzzy logic based energy management [10] .
Although DP strategy could achieve the optimal control performance, it is not applicable because of two limitations. One is the requirement of anticipation of the whole future driving condition and the other is the huge amount of computing time and burden [2] . The achievable ECMS is developed by combining with the Pontryagin's minimum principle (PMP) [11] , [12] . The performance of ECMS exceeds the rule-based EMS. However, it still fails to take prospective energy demands into consideration [13] . As the fuel economy is not the only objective of optimization, the influence of battery health has also been considered [14] . In addition, to achieve the optimal energy allocation for the enginegenerator, a novel adaptive EMS has been proposed, and the results of it have already been verified [15] . Featuring the distinctive feature of prediction, model predictive control (MPC) has been applied in the field of industrial control [16] , [17] . Linear MPC has been applied to the energy management of power-split HEV, parallel HEV and series HEV [18] - [20] .
However, that MPC based EMS uses simplified or linearized model of HEV instead of accurate nonlinear model considering the fact that nonlinear mode predictive control (NMPC) would form a relatively complicated mathematical programming problem. Thus, little NMPC research has been developed on the EMS of series-parallel HEV. To address those issues, a more accurate nonlinear model is obtained and NMPC framework for series-parallel HEV is formulated and solved by evolutional algorithm in this paper. The NMPC-based EMS with complex models requires a additional, suitable numerical solution, i.e., an evolutionary algorithm. Then, considering both optimization performance and computation burden of that proposed control strategy for series-parallel HEV, dynamic programming (DP) is applied to solve the NMPC problem. Finally, through simulation results of the real-world driving cycle, the proposed control strategy is verified. This paper is organized as follows. In Section II, the configuration and mathematical model of the SPPHEB is given. In Section III, the formulation of the NMPC architecture is presented. In Section IV, the results of the proposed control strategy and other bench strategies are discussed. Finally, conclusions are made in Section V.
II. HYBRID POWERTRAIN MODELING A. CONFIGURATION
The configurations of a coaxial series-parallel HEV are shown in Fig. 1 . EM1 is installed between the clutch driven plate and the gearbox while the EMs and the engine are coaxially installed. The engine is withdrawn and interposed into the power chain by controlling clutch separation and combination. The engine and EM torque are dynamically coupled through the gearbox and transmitted to the wheels via the final drive. Additionally, EM2 is installed between the gearbox and the final drive. The automatic clutch and AMT are equipped with automatic control actuators for automatic control basing on conventional clutch and traditional mechanical gearbox. When the HEV goes downhill or brakes, EM can operate in generation mode and work as a generator to charge the power battery. When the AMT is shifted, EM2 could compensate for the driving force interruption and enhance the driving smoothness. To get more information about this configuration, parameters of the power train are listed in Table 1 .
B. MODELING OF VEHICLE DYNAMICS
The longitudinal dynamics of the vehicle is considered and the vehicle longitudinal dynamics model is applied to get the demand torque, and the driving torque of the wheel. Formulas can be written as:
where T w is the wheel torque, T e and T m are the torque of engine and EM respectively. η T is the transmission and the final drive efficiency. i d and R(i) are the transmission ratio of final drive and gear ratio of different gear of gearbox respectively. T b is the braking wheel torque. By analyzing vehicle longitudinal dynamics of HEV, formulas can be presented as follows.
where m is the vehicle mass, g is the acceleration of gravity, f r is the rolling resistance, θ is the angle of the road, C D is the road grade angle, ρ is air density, δ is correction coefficient of rotating mass, A is frontal areas of the bus, V veh and r are the vehicle speed and the radius of wheel respectively.
C. MODELING OF ENGINE AND ELECTRIC MACHINE
Focusing on the energy management problem, the compressed natural gas (CNG) engine model that takes fuel consumption (FC) as the main consideration is adopted, and the FC can be written as
where Q g is the FC per second of the engine, T e and ω e are the torque and rotational speed of the engine respectively. ρ g is the density of fuel gas. b e is the FC rate of the engine, which is obtained from two-dimensional interpolation in engine map, as shown in Fig. 2 . EM operates in driving and regenerative braking mode in response to the electric power demand, which is calculated by the EMS controller [21] . The electric power of EM is related to the EM torque and rotational speed.
where i = 1 or 2, T m and ω m are the EM torque and rotational speed. When T m > 0, it represents the state of motor, and when T m < 0, it represents the state of generation. η mot and η gen are the efficiencies of EM when it is in motor mode and generation mode respectively. Both of them can be obtained by steady-state data of EM in efficiency maps of two EMs are shown in Fig. 3 . 
D. MODELING OF BATTERY
As one of the two power sources of PHEB, a less complex battery model with appropriate precision needs to be built.
Here, the battery is modeled as a voltage source in series with a resistor, and the state of charge (SOC) of the battery is a function of the voltage, the battery internal resistance and the electric power of the load that is the power electronics circuits of EM control system. It should be noticed that the internal resistance of battery varies with the charging and discharging state and the battery SOC. Then the formulas can be written as [3] :
where dSOC/dt is the change rate of SOC, U bat is the open circuit voltage of battery, R bat is the internal resistance of battery, P bat is the power of battery pack and Q bat is the battery capacity. [I min , I max ]is the cell current limits. Furthermore, when the efficiency loss of power electronic circuits is ignored, the electric power of battery pack equals to the combined electric power of two EMs:
When the lithium titanate battery pack is charged and discharged at 45 degrees Celsius and 6C rate (C refers to charge and discharge rate, 6C refers to the battery charge and discharge within 1/6 hours), the charge and discharge internal resistance and open circuit voltage are shown in Fig. 4 and Fig. 5 respectively.
III. FORMULATION OF NMPC-BASED EMS
For the studied SPPHEB, there are three main power sources, engine, EM1 and EM2, which are illustrated in Fig. 1 . As the working efficiency of EM and engine is different under different rotational speed or power, it is important to split torque from different power sources with reasonable rules. This problem can be expressed as an optimization problem. Since the complex configuration of series-parallel HEV cannot be simplified into linear system with high precision, this optimization problem belongs to nonlinear optimization problem [1] .
In terms of control strategy design for HEV, the instantaneous optimization based control strategy does not have the capability of global optimization and global optimization based control strategy does not have the ability of real-time application. With the development of intelligent transportation system, more information about the following driving condition can be available. Therefore, MPC-based control architecture of EMS becomes potential since more future information will be fully utilized.
For actual on-board control, it is difficult to predict the entire given driving cycle, so it is necessary to predict the vehicle speed or the driving torque demand within the prediction horizon through an appropriate prediction mechanism.
The predicted total driving torque is defined as a function value of the secant equation at the sampling points in the prediction horizon, i.e., the torque prediction value of step k+1 in the prediction domain is the secant of the coordinate points of step k-1 and step k of the actual torque.
The curve of the predicted torque along with the expected torque is shown in Fig. 6 . The torque value is derived from the measured value of a certain driving cycle.
Assuming all mechanical transmission efficiency is constant, there are three degrees of freedom in Eq. (1), namely T m1 , T m2 and R(i). The state variables are defined as
where R(i g (k)) is the transmission ratio of gear i g at step k. SOC(k) is the state of charge state of the battery at step k, which satisfies the following constraints:
where SOC L and SOC H are the two thresholds of the battery SOC. According to the Eq. (1), three out of the four control variables in the acceleration state are independent variables: EM1 torque command, EM2 torque command and target gear command. The engine torque can be obtained from the Eq. (1) and the braking torque T bh is zero. In the case of braking or deceleration, the engine torque command is set to zero and the independent control variables are also three, namely two EM torque commands and target gear command. The braking torque is determined according to Eq. (1).
The variables of control input are defined as
A. NONLINEAR STATE-SPACE EQUATIONS
The first step of NMPC problem is to establish state-space equations of the plant according to the power train model in Section II.
As it is difficult to obtain the analytical solution of this nonlinear predictive model without obvious simplification, a discrete-time predictive model is adopted. Therefore, nonlinear state-space model is expressed as: The discrete state variables, control variables, disturbance and output variables can be expressed as:
where T dem is the demand torque on wheels.
The state variables and the control variables need to meet their constraints. For instance, the rotational speed of engine cannot excess its maximum rotational speed or below its minimum rotational speed. All of the constraints are collected and converted into the following inequality constraints:
where T e_min (ω e ) and T e_max (ω e ) denote the constraints of engine torque at rotation speed ω e (k).
Combining with the configurations and models of PHEB, the discrete-time state-space equations can also be expressed as follows.
For this power train, the current state vector x(k) is estimated by sensors and the input variable vector u(k) is provided by the EMS controller which calculates the solution of the NMPC. The disturbance input vector w(k) is considered as a constant value within the predictive horizon. The coefficient matrix of state space equation is not a constant matrix and the dynamic equations cannot be linearized.
B. COST FUNCTION OF NMPC
This optimization problem is to get the optimal EMS of plug-in HEV, so the control strategy must guarantee that comprehensive energy consumption is minimum within the predictive horizon.
, ω m2 (τ ))dτ (15) whereṁ f andṁ e are the fuel and electricity consumption rate respectively, and is conversion factor.
Since the predictive horizon cannot be infinite, NMPC is locally optimal instead of globally optimal. Meanwhile, as the cost of electricity is cheaper than fuel, it is always depleted to a minimum value through the whole driving cycle to realize better fuel economy, and the electric energy should be distributed reasonably.
In this paper, a reference SOC trajectory is proposed as a part of the cost function to improve the optimization performance of NMPC. The reference SOC trajectory is extracted from a fix route provided by the intelligent transportation system of Chinese government. The work of acting force is proportional to the product of force and displacement, so the vehicle energy consumption is a function of torque demand and distance. Then the reference SOC values over the entire cycle can be calculated by statistics of data among bus stations [22] .
where SOC ref denotes the reference SOC trajectory, SOC ini denotes the initial SOC value, pos denotes the space where the bus is located, n denotes the total number of road space, δ j denotes the factor of SOC change rate within road space. d denotes the current distance from the starting point, γ j denotes the length of road space j, T dem_j denotes the average demand torque of the road space j. For better illustration, a typical reference SOC curve and its corresponding driving condition is presented in Fig. 7 . The SOC curve calculated by global optimization method dynamic programming (DP) is also shown for comparison. The two SOC trajectories are close to each other. Then the cost function of NMPC can be defined as where L is the coefficient of deviation between SOC(t f ) and
Through the discretization method, the optimization problem of continuous time dynamic system is transformed into a multi-stage decision problem and the discrete dynamic programming method is used to obtain the optimal control of NMPC. In general, the transient characteristics of vehicles above 1 Hz are negligible when studying the fuel economy and emissions of a vehicle over a long driving cycle. Based on the facts above, the driving cycle within the predictive horizon can be divided into p stages with the discrete step being 1 second. The cost function is discretized into
where p is the length of the predictive horizon, and M is called the cost of a single stage.
C. NMPC FRAMEWORK
Under the given driving cycle, the optimal control problem of the hybrid vehicle is equivalent to finding an allowable control u(t) to transfer the system from the initial state to the terminal state, so that the cost function of the system is minimized. J is the cumulative equivalent energy consumption for a given driving cycle.
To get the solution of NMPC means to solve the optimal control problem (OCP) which is a nonlinear programming problem (NLP): where the obtained optimal control sequence is denoted by U (k), and system dynamics equations and constraints are Eq. (13) and Eq. (14) respectively. The NMPC framework is illustrated as Fig. 8 . The input information that NMPC needs at instant k, contains torque demand, the vehicle state variables which are SOC, current transmission ratio, the torque of engine and two Ems, and vehicle speed. The state space model utilizes the input vehicle information and control input to predict the vehicle dynamics within the predictive horizon. Then the NMPC problem is converted into a NLP. The control input sequence to be solved is obtained by the solution of DP algorithm illustrated in the following Section III-D. The first element of control sequence is applied to the plant and then closed-loop control is achieved.
D. NUMERICAL ALGORITHM OF NMPC-DP
MPC with linear state space equations and convex quadratic cost function can be converted to quadratic programming (QP) with inequality constraints, which can be solved by typical numeric algorithm such as active set method and interior point method [23] . However, as for the NMPC in this paper, nonlinear programming is to be solved and discrete dynamic programming is adopted as the numerical calculation method.
In the dynamic programming model, the state transition equation is:
where g is called a state transition function, and two state variables are represented as:
The equality and inequality constraints of state variables and control variables are as follows.
In stage k, all states within the constraint range are called reachable state sets, denoted as X (k), apparently x (k) ∈ X (k). In stage k, all controls within the bounds are called the permissible control set, denoted U (k), again u(k) ∈ U (k).
According to the Bellman optimality principle, the dynamic programming recursive equation for obtaining the minimum cost function is as follows. Discrete dynamic programming requires a numerical method of quantization and interpolation to discretize the reachable state set and the admissible control set and to perform optimization. For a gearbox, both i and R(i) are discrete, so the quantization of the reachable state set is only required for the SOC, and the quantization of the control set is only required for T m1 and T m2 . The finer the quantization is, the higher the calculation accuracy will be, but at the same time the larger the calculation will be. Therefore, determining the reachable state set and the admissible control set for each step and selecting a reasonable quantization increment is very important to improve the calculation accuracy and computational efficiency.
In order to reduce the amount of calculation, the reachable area of the state SOC is used to narrow the search range, which avoids unnecessary calculations and reduces the search time. The calculation method of the reachable area of the SOC is given as below.
The EMS mainly optimizes the driving process. The braking values of the electric braking and the mechanical braking can be fixedly distributed during the braking process. Therefore, it is only necessary to determine the range of T m1 (k) and T m2 (k) when the torque command is positive.
The maximum torque of EM1 and EM2 is determined by the positive torque of the EM and is also limited by the discharge capacity of the battery.
is the positive maximum torque of the EM itself, T mi_max ''(k) is the positive maximum torque that the EM can output under the limitation of battery discharge capacity.
The minimum value of EM is determined by its maximum negative torque and is also limited by the charge ability of the battery.
T mi_ min (k) = max{T mi_ min (k), T mi_ min (k), T mi_ min (k)}, i = 1, 2
where T m1_min (k) =
η T ·i d −T e_ max (k), T e_ max (k) is the maximum output torque of the engine, T mi_min ''(k) is the maximum negative torque of the EM itself, T mi_min ''(k) is the maximum negative torque that the EM can output under the limitation of battery discharge capacity.
According to the limit value of the electric EM torque, the reachable area of the battery SOC in the prediction horizon can be obtained, as is shown in Fig. 9 .
The reachable set of the battery SOC is X SOC (k), and the quantization increment is SOC. In stage k, the reachable set of the state variable battery SOC is
· · · , SOC(j, k), · · ·, SOC(N SOC , k)}
where N SOC denotes the number of discrete quantization points in stage k.
In stage k, for each quantized point of SOC(k), taking the quantized U T , the admissible set of control variables is
(28) where U Tm1 (k),U Tm2 (k) and U Tg (k) denote the admissible set of T m1 , T m2 and i g (k) respectively. By choosing quantization increment of SOC and torques, the computing time can be acceptable. Here the precision of SOC is chosen to be SOC = 0.001, and the precision of torque is U T = 5Nm.
The torque demand T w (k) and v(k) for each stage in the prediction horizon is predicted from the torque prediction model. The allowable set U Tmi of the torque T mi (k) is determined at each discrete Quantization Point of SOC(k), and the cost function of DP is calculated point by point within the admissible set of T mi (k) and i(k), which lays the foundation of dynamic programming optimization.
In order to speed up the simulation, the built-in Simulink model was converted to ANSI C code by automatic code generation technology using Real-Time Workshop toolbox of MATLAB.
IV. RESULTS AND DISCUSSIONS
These strategies are simulated in MATLAB/Simulink where closed loop simulation is realized and those optimization control strategies are compared and analyzed. Those closed loop systems need to follow the speed curve which is given in the driving cycle mentioned in Section III-B.
To verify the optimization performance of NMPC-based EMS, several strategies of the SPPHEB based on NMPC, DP, ECMS and CDCS are illustrated and tested.
The results incorporating FC (the fuel consumption), EC (electric consumption), average BSFC (brake special fuel consumption) and total improvement of these strategies are presented in Table 2 .
As is shown in Table 2 , the economic cost of the EMS based on DP is the best due to it ensures global optimization under the premise of knowing the entire driving conditions. DP strategy can only be achieved under the premise of fully autonomous driving or intelligent traffic intelligence and DP is basically only used as a benchmark for pros and cons to evaluate other strategies [2] . The economic optimization performance of the EMS is sorted in descending order which is DP, NMPC, ECMS and CDCS. The proposed NMPC-based EMS is more effective than the ECMS and the CDCS.
Define the economic indicator as the quotient of mileage and cost, and then compared with the CDCS strategy, NMPCbased EMS shows an economic improvement by 18.86%, and 10.36% improvement compared with the ECMS strategy. This is due to the consideration of the reference SOC trajectory and the prediction of the torque demand.
Analysis of the SOC trajectory is important to understand how electrical energy is distributed throughout the driving cycle. In the SOC trajectory comparison graph, the initial SOC of the battery is set to 0.9, and the minimum SOC of the battery is set to 0.3. The SOC trajectory of the DP strategy, the ECMS strategy and the proposed SOC reference trajectory and the actual SOC trajectory of the NMPC-based EMS are shown in Fig. 10 . The SOC of CDCS declines the fastest since only electric energy is consumed when the SOC value is greater than the minimum threshold value 0.3. The fact that SOC trajectory of DP is close to the proposed SOC reference trajectory proves that DP-based strategy distributes the electric energy along the whole driving cycle and the energy consumption is roughly proportional to the distance. The SOC of NMPC is close to reference SOC curve and the NMPC controller can achieve the goal of the following reference SOC trajectory.
When the SOC reference sub goal is removed from the cost function of NMPC, the instantaneous optimality of the EMS in a single discrete step can be achieved by shortening the prediction horizon to one prediction step. In this way, a derivative transformation from the NMPC strategy to the ECMS strategy can be achieved. In order to verify the performance of the torque prediction secant method of NMPC strategy and the effect of the reference SOC trajectory on system operation, the performance of the NMPC-based EMS is compared with the derived ECMS, which are presented as follows.
The engine operating point maps of NMPC and ECMS strategy are shown in Fig. 11 .
As shown in Fig. 11 , the engine is working at a high load rate in most cases, which means that the average BSFC of NMPC strategy is low and the performance of fuel consumption is satisfying.
The actual engine torque, maximum torque, and optimal torque for the NMPC and ECMS strategies are shown in Fig. 12 and Fig. 13 for a period of 2300 seconds and 2600 seconds.
As shown in Fig. 12 , the actual torque of the engine of the NMPC strategy is very close to the optimal torque. The engine torque of the ECMS strategy is greatly affected by the speed of the vehicle and the driving conditions and deviates from the optimal torque value in Fig. 13 . After 2300 seconds, when the EM is required to adjust the engine torque, since the battery SOC is already at the lowest value, EM is difficult to run in motor mode and replace the engine to operate at low speeds and low torque requirements. Therefore, the engine load ratio cannot be effectively adjusted, and the torque adjustment effect of the EM is thus limited.
The operating points of EM2 based on NMPC and ECMS strategy are shown in Fig. 14 As shown in Fig. 14, the EM2 operating points of the NMPC strategy are more densely distributed in the high efficiency area. For the power consumption phase of the ECMS strategy, EM1 and EM2 are the main driving source. Since there is no gearbox on the output shaft of the EM2, its torque output demand will be higher, and the insufficient torque will be compensated by the EM1.
In summary, compared with the ECMS strategy, the engine operating point of the NMPC strategy is concentrated on the high-efficiency area, and the low-efficiency operating point of the engine is almost completely avoided, which indicates that the NMPC strategy can effectively adjust the engine load. Although the ECMS strategy has been adjusted to some efficient areas, there are still quite a few operating points in the inefficient area. Optimization of the distribution of operating points improves fuel economy with less energy consumption. The reason is that the battery SOC of the ECMS strategy that lacks the SOC reference sub-target will show a downward trend similar to CDCS, and the power is exhausted in advance, so that the EM's adjustment of the engine torque is limited. The NMPC strategy proposed in this paper has the characteristics of high average engine efficiency and reasonable power distribution, because of which it achieves better energy consumption economy.
V. CONCLUSION
The NMPC multi-objective energy management strategy with practical application potential was developed. Based on the quasi-static model, the nonlinear discrete-time state space model of the controlled SPPHEB hybrid system is derived. The torque prediction method in the prediction domain and the prediction method of the reference SOC trajectory on the whole working condition are explored, and the control framework of the NMPC multi-objective energy management optimization of the hybrid PHEB is improved with the optimal energy consumption and the minimum SOC trajectory tracking deviation as the cost function.
The solution of NMPC is transformed into a nonlinear programming solution based on dynamic programming. Finally, the ECMS strategy is derived from the NMPC strategy, and the optimization performance of NMPC strategy is compared with other strategies such as DP, ECMS and CDCS. The simulation results indicate that the NMPC strategy has an economic improvement of 18.86% compared with the CDCS strategy and an increment of 10.36% with the ECMS strategy.
The good performance of NMPC strategy is partly attributed to the consideration of the reference SOC trajectory and predictive control mechanism. The performance of real-time solution still needs to be improved. In the future, the dynamic control of mode switching in electromechanical coupling problem can be considered to further study the power system ride comfort control. It can be inferred that NMPC will improve the optimization performance of EMS with the increase in automatic driving level since more future information can be utilized in predictive control mechanism.
